INTRODUCTION
African agriculture is under significant threat from global environmental change. Although the region emits just 3% of the world's greenhouse gases (Tubiello et al. 2013 ), it will be affected more gravely than anywhere else, by even the smallest rise in global temperatures (Niang et al. 2014) . One of Africa's agricultural sectors under highest threat from climate change is the food and cash crop sector. International climate scientists expect that by the year 2050, African crop production will decrease by as much as 22% because of climate variability and change (Sultan et al. 2013 , Niang et al. 2014 . Food and cash crop productivity will be mired by increasingly truncated growing seasons, erratic rains, recurrent droughts, heat stress, and dry, as well as low-fertility, soils (Torquebiau 2016) . Variability in temperatures might also affect the proliferation and spread of invasive pests and crop diseases, with devastating impacts on yields, food prices, and food security (Biber-Freudenberger et al. 2016 , Torquebiau 2016 ).
There is ample evidence suggesting that a substantial part of the potential yield loss could be averted by using innovative, resourceconserving, and proenvironmental farming techniques, including no-till farming, crop-livestock integration, agroforestry, intercropping, and other conservation agricultural practices (Dewees et al. 2011 , Mbow et al. 2014 , Altieri et al. 2015 , Govorushko 2016 , Kim et al. 2016 , Kongsager et al. 2016 , Nyantakyi-Frimpong et al. 2017 . We focus on one of these practices: agroforestry. Broadly, agroforestry is defined as "any practice to purposefully grow trees together with crops, or animals for a variety of benefits and services" (Kim et al. 2016:66) . As a resource-conserving practice, agroforestry diversifies agricultural systems and provides both economic and ecological benefits (Dewees et al. 2011 , Mbow et al. 2014 , Martin and Isaac 2015 , Govorushko 2016 . As a type of agroecosystem, agroforestry contributes to pest control, nitrogen fixation, enhanced soil stability, and microclimate modifications (Malézieux et al. 2009 , Munroe and Isaac 2014 , Kim et al. 2016 . Moreover, agroforestry has one of the greatest carbon sequestration potentials across land use types, through enhanced fine root production, rhizodeposition, and woody tissue carbon storage (Kim et al. 2016 ). Thus, trees on farms simultaneously support both above-and belowground ecosystem services, making agroforestry not only a major form of climate adaptation, but also a mitigation strategy (Mbow et al. 2014 , Govorushko 2016 , Kongsager et al. 2016 .
Currently, there is a growing interest in investing in agroforestry systems in Africa (Dewees et al. 2011) . A vast array of agricultural technology adoption literature has examined factors affecting farmers' tree planting decisions. These studies have demonstrated that the decision to integrate trees into farming systems is shaped by land tenure, access to labor, farm size, capital, and level of education (Nkamleu and Manyong 2005 , Gyau et al. 2012 , Mbow et al. 2014 ). Although we have some key research assessing the role of cooperation (Levy and Lubell 2018) and organizational membership (Rico García-Amado et al. 2012) in agricultural networks, what still remains poorly understood is the role of rural cooperatives, their network structures, and the consequences of these structures for agroforestry and other resource-conserving agricultural practices. Increasingly, formal and informal networks and their interaction have been highlighted as key variables in the adoption and success of community-based and agricultural resource management (Bodin and Tengo 2012 , Isaac 2012 , Isaac and Matous 2017 . Understanding and optimizing these networks within established and active cooperatives will undoubtedly reinforce the goals of cooperative action and stimulate successful outcomes in the face of environmental and social change.
Our main purpose is to address this knowledge gap through original research in a cocoa (Theobroma cacao)-growing region in Ghana, West Africa. More specifically, we are interested in understanding the structural pattern of information sharing and advice seeking among rural cooperative farmers and what these structural relations mean for agroecosystem management. We ask two primary research questions:
1. What information network structures or motifs lie within rural cooperatives?
2. What structural, demographic, and/or environmental attributes best predict the formation of these information networks?
We examine these questions with data from farmers who are part of the same cooperative organization but reside in five geographically disparate locations. Answering these questions in particular requires multiple data points, and we use data encompassing farmers' social networks, demographics, farm-level biophysical characteristics, and community-level environmental outcomes from five sites.
Methodologically, we use observed network data to answer both questions but two different statistical approaches. The first question was addressed using standard network analysis and exponential random graph models (ERGMs; , Robins, Snijders, et al. 2007 , Wang et al. 2013 , Dickison et al. 2016 , Wang et al. 2016 ) to analyze endogenous mechanisms within multiple networks. The second research question was addressed by using biophysical data from the field and ERGMs. Initially developed around the late 1990s (Pattison and Wasserman 1999) , ERGMs have gained popularity in the last few years as an advancement of, and to address limitations associated with, conventional methods in social network analysis , Robins, Snijders, et al. 2007 ). Standard network approaches, although widespread as an approach to statistically analyze observed network data, have limitations such as an inability to examine tie formation at the network level and account for potential cross dependencies and emergent network structures (Wang et al. 2013) . ERGMs address these limitations. We use standard network analysis to show the direct statistical relationship between actor covariates and their links. We use ERGMs to control for the endogenous network tendencies. Because we focus on multiple networks, ERGMs in conjunction with standard social network analysis offer an invaluable tool because of their ability to examine multicase comparisons (e.g., Brennecke and Rank 2016) .
The farmer cooperative case study
We conducted this case study with a registered cocoa farmers' cooperative in Ghana. For the purposes of institutional anonymity, we refer to this organization as Farmer Co-op. The organization was formed in the early 1990s to serve the following needs of interested farmers: (1) to augment cocoa farmers' bargaining power; (2) to help manage cocoa production risks collectively; (3) to assist farmers to obtain subsidized cocoa inputs at a far lesser price than they could obtain on an individual basis; and (4) to ensure the long-term sustainability of Ghanaian cocoa production by encouraging resource-conserving agricultural practices. With an initial membership of approximately 3000 farmers, Farmer Co-op currently has almost 65,000 farmers in 1300 Ghanaian communities. It is one of the largest fair-tradecertified cocoa cooperatives in West Africa. It operates in all 5 cocoa-producing regions in Ghana, namely, Ashanti, Brong Ahafo, and Central, Eastern, and Western Regions.
As part of its sustainability goals, Farmer Co-op partnered with a European organization (hereafter EURORG) in 2011 to support cocoa agroforestry in Ghana. Under this partnership, EURORG agreed to provide full funding, while Farmer Co-op agreed to encourage its cocoa farmers to cultivate multipurpose trees on both cocoa farms and degraded lands. Three interrelated factors influenced this partnership agreement: first, to draw on the wellknown benefits of agroforestry (Asare et al. 2014, Vaast and Somarriba 2014) to ensure sustainable cocoa production in an era of increasing climatic change; second, to increase farmer incomes from diversified sources; and third, to avoid reliance on synthetic farm inputs while still maintaining the quality and quantity of cocoa production for the fair-trade market. The partnership commenced in 2011, with the cultivation of 50,000 trees in 13 cocoa-growing communities. In the following year (2012), a total of 100,000 tree seedlings were distributed and planted by farmers in 18 additional communities. Owing to increasing farmer interest in the cocoa agroforestry project, Farmer Co-op and EURORG in 2014 further added 10,000 trees in 4 cocoa-growing communities.
Once enrolled in the project, a farmer receives free seedlings and technical assistance on how to plant and manage the new trees. EURORG pays for the nursery and supply of seedlings, while cooperative farmers provide labor in the form of site preparation, pegging, tree planting, tending, and fire protection. Project communities were selected based on total farmer population and willingness to integrate trees into cocoa and subsistence farms. Farmers are required to choose from three agroforestry models. Model one (boundary planting) involves trees planted around the periphery of a cocoa parcel (Fig. 1A ). Model two (mixed) involves trees mixed with cocoa and other subsistence crops (Fig. 1B) . Model three (pure stand) involves trees cultivated as a plantation without integrating any cocoa or subsistence crop (Fig. 1C) . A farmer can adopt one or more of the existing agroforestry models on multiple plots, but not on the same plot.
METHODS

Site selection
Our fieldwork was conducted from February to April 2016. A multistage sampling procedure was used to select the study region, districts, communities, and farmers. First, we held a series of consultations with Farmer Co-op officials to establish where it has had the longest presence in terms of promoting cocoa agroforestry. From these consultations, the Ashanti Region was selected, as cocoa agroforestry has been promoted in this region since January 2011. The region is located in central Ghana within the moist semideciduous forest zone (5°50′ to 7°46′ N and 0°15′ to 2°25′ W). The majority of inhabitants rely on agriculture and rain-fed cultivation of cocoa, maize, cassava, yams, cocoyams, plantain, and other crops, which is practiced by both men and women (Ghana Statistical Service 2013). We then used purposeful sampling to select communities that met the following 2 requirements: (1) communities that took part in the very first wave of tree planting in 2011 and (2) communities with at least 15 farmers engaged in the cocoa agroforestry project. We selected the previous 2 criteria because 5 years (from 2011 to 2016) is sufficient to measure community-level environmental outcomes, namely, differential storage of carbon in aboveground biomass from the agroforestry project (Vashum and Jayakumar 2012) . Moreover, we preferred networks of a similar size for comparability.
Overall, there are 30 administrative districts in the selected region. We conducted fieldwork in 4 districts and 5 relatively smaller communities, ranging in population from 740 to 4321 people. The communities are in geographically disparate locations. On average, they are about 29 km apart and have no apparent crossover in social relations. They are very similar in terms of ethnic composition and agricultural practices, but they differ in other aspects such as the presence and duration of interventions by nongovernmental organizations (NGOs). The main characteristics of the 5 communities are contrasted in Table 1 , in terms of size, number of households, ethnic composition, land ownership, and the number of farmers interviewed. All of the information in Table 1 was collected from meetings with village men and women and corroborated through census reports from Ghana Statistical Service. We gained access to the communities and their cocoa agroforestry farmers through several consultations with Farmer Co-op.
Community A has 1357 inhabitants, and it is the fourth largest site among the 5 study communities. It is located about 35 km from the nearest town, and not less than 21 km from any of the other study communities. Since 2006, the community has seen an increasing presence of NGOs, with projects including agroforestry, climate change adaptation, soil conservation, and the introduction of new maize varieties. Community B is the poorest among the 5 sites in terms of infrastructural development. There are 740 inhabitants in the community, all of whom are engaged in cocoa cultivation and subsistence food production. No NGO activities are found at this site, and the community is not accessible by motorized vehicle during the rainy season. Because of its remote location and poor road conditions, farmers in the community struggle to sell their agricultural produce. The nearest town is located 43 km away. Community C has a population of 2056 and is located not less than 37 km from the https://www.ecologyandsociety.org/vol24/iss1/art5/ remaining study sites. It has had NGO presence since 2001, with projects including soil and water conservation, cocoa agroforestry, and the formation of farmer seed-sharing groups. Compared with the other study sites, Community C is relatively developed in terms of community infrastructure such as roads, schools, and health facilities. Agriculture was the only livelihood strategy in the community until the late 1990s, when small-scale gold mining became popular. Community D is the largest among the study sites in terms of population (4321 people). Among the 5 sites, it is also the community with the longest presence of NGO activities, with projects including cocoa agroforestry, cane rat (Thryonomys swinderianus) rearing, and soil and water conservation. Moreover, it is one of the communities with the longest history of cocoa production in Ghana's Ashanti Region. It is located 21 km from the nearest town and an average of approximately 29 km from the other study sites. Community E is an isolated site, cut off from all nearby settlements. It has a population of 2767 inhabitants and is located approximately 28 km from the other 4 sites. Cocoa farming and subsistence crop cultivation constitute the main livelihood activities. Unlike the other 4 sites, mobile phone connectivity is very poor in Community E, making intracommunity information exchange difficult.
Demographic and network data collection
In each selected community, we obtained a complete list of registered farmers under the Farmer Co-op project and administered a survey to all farmers participating in the cocoa agroforestry project. Although the agroforestry parcels belong to individual households, or a group of families, the target survey population was defined as the household or family member under whose name the agroforestry parcel is officially registered, the one who actually receives initial training for the agroforestry project and also attends regular monthly and agricultural extension meetings organized by Farmer Co-op. This sampling protocol achieves a "community" network in each village insofar as we interviewed everyone listed in the cooperative. In essence, our "community" networks and "community" outcomes are based on the cooperative community, not the village as a whole.
The survey instrument consisted of 41 questions grouped under 3 sections. Section 1 contained background information about the farmer, including age, gender, land size, education, marital status, number of years as a member of Farmer Co-op, agricultural production practices, and total annual income. Section 2 contained questions about the social and physical attributes of the land being used for cocoa agroforestry, including land tenure, types of crops, types of tree species on the land, the number of tree seedlings received, and the type of agroforestry model adopted. Section 3 contained questions about farmer-tofarmer information-sharing networks. The respondents were provided a list of all Farmer Co-op project participants in their communities and then asked to identify from the list any person from whom they receive information. The exact English translation of the network prompt was as follows: "Among this list of farmers involved in the cocoa agroforestry, which of them do you contact to seek advice, learn from, or acquire information, regarding cocoa farming and agroforestry?" We then followed this question with a series of questions about the nature, frequency, and mode of contact for information sharing. Reported elicited ties were present at the time when the biomass was measured.
After a farmer had identified all possible contacts on the list, he or she was asked to name any other person not included on the list from whom information was sought on farming or agroforestry. Actor responses on information sharing were coded as binary variables (where "1" indicates the presence of a tie and "0" indicates the absence of a tie) and entered into an n x n adjacency matrix, where n stands for total number of actors.
All surveys were completed by the authors and a trained research assistant. The survey was administered face-to-face and conducted in Twi, the local language in the study communities. A total of 104 farmers fully completed the surveys, with the following sample sizes across communities: Community A (n = 16), Community B (n = 16), Community C (n = 18), Community D (n = 25), and Community E (n = 29). The response rate was 96% for Community E and 100% for the remaining communities. This research received ethics approval from the Social Sciences, Humanities and Education Research Ethics Board, University of Toronto, for research involving human participants. Informed consent was secured in advance of every interview.
Environmental data collection
We used calculated aboveground biomass and carbon storage derived from the adoption of the agroforestry project as the individual-and community-level environmental outcome. To do this, aboveground biomass for the Farmer Co-op/EURORG planted trees within a randomly assigned 10 m × 10 m plot in these agroforestry systems was calculated from measured diameter at breast height and tree height using a generalized tree biomass regression for tropical moist stands (Chave et al. 2014 ):
where y is the aboveground biomass (kg), 0.43 is a generalized wood density, DBH is diameter at breast height (cm), and H is the tree height (m). Biomass is reported on a 10 × 10 m plot basis (100 m²) as well as extrapolated to a farm basis based on reported farm size and verified with field measurements. Biomass values per farm were summed for all individuals in a community to estimate total biomass accumulated from the adoption of agroforestry per community. Aboveground biomass associated with the agroforestry project on a plot, farm, and community scale and the agroforestry model selection were analyzed for statistical differences among communities.
Data analysis
Standard network data analysis Network data was analyzed for a number of network metrics. Indegree is the number of incoming links (or using the terminology of graph theory, "edges") to a network node (or a "vertex"). Outdegree is the number of outgoing links. Graph density indicates the proportion of existing links to all pairs of nodes in a network, i.e., the actual number of links divided by the potential theoretical maximum number of links that could exist on a given set of nodes. Transitivity indicates the proportion of pairs of directly connected network nodes among pairs of nodes that have a network partner in common. High transitivity signifies a high proportion of closed triangles in networks, in which friends of friends are likely to be friends. Although 2-star is an elementary part of a network (or network "motif "), in which two nodes are connected to a common third node, in triangles, all three nodes are directly connected to one another. "2-Triangles" are two adjacent triangles connected to one another by a common edge. Isolates are nodes (or vertices) with no links (or edges). Given our research design, we compared these network metrics to environmental outcomes (biomass per farm and total biomass at the community level). All network analysis was conducted in R v. 3.0.2 (R Foundation for Statistical Computing, Vienna, Austria) and visualization in Netdraw (Borgatti 2002) .
Exponential random graph models
We fitted ERGMs to assess the similarities and differences among the five networks. ERGMs were estimated using the software PNET, with the Nondirected Network option (Wang et al. 2009 None of the models converged suggesting that the processes operating in the respective communities are too diverse to be captured by the same model. The communities are far apart, and the respondents reported no interlinkages. This fact was represented in the joint model by "structural zero," that is, designated pairs of nodes between which the model does not create any links during simulations. For completeness, we also tested joint models without structural zeros, but these did not converge either, which was expected.
We applied a common model specification (using the same set of parameters for multiple models) estimated separately for each of the five communities. In the models, we included several structural parameters (Fig. 2) , including star-and triad-based effects, to represent the network structure, basing our selection on previous https://www.ecologyandsociety.org/vol24/iss1/art5/ literature (e.g., Lusher et al. 2012) . High clustering and skewed degree distribution are common properties of many real-world social networks (Kadushin 2012) . It has been long known that real social networks tend to be significantly more clustered than what would be predicted by a random model (Davis 1970) . This high network transitivity and skewed degree distribution need to be controlled for in ERGM by the inclusion of star-and triadbased effects. Stars represent high degree nodes, and the prevalence of closed triangles quantifies the degree of clustering in a network. The exact specification of these parameters for each network is decided empirically by goodness-of-fit (GOF) tests.
We started with the most fundamental network parameters (e.g., edge, 2-star, triangle, and isolates) and then tested the response of the model when higher order parameters were added, which is the recommended approach (Wang et al. 2009 ). For example, we would obtain misleading results if we included an effect representing two triangles attached to each other (T 2 ) without "controlling for" the overall number of triangles by a single triangle parameter (T 1 ) and, even more critically, the overall number of edges in the network. This is similar to traditional regression analysis for which it is typically recommended to include separate variables in addition to interactions in which these variables are used.
Guided by substantial theoretical considerations and GOF statistics, the first focus of the model-fitting process was on the endogenous network effects. The specification was modified if the model degenerated, or if the model did not converge for all five networks. A model is considered better if it provides adequate fit to more auxiliary statistics that are not part of the model. When including any new structural effects did not seem to improve the model fit anymore, the fitting effort shifted to node characteristics.
We tested a number of actor attribute parameters, separately and in combinations, including demographic variables indicating gender, income, land size, the migration status of the respondent, and environmental outcomes, specifically biomass. Again, actor attribute parameters were excluded and new ones included if the model degenerated, did not converge, or their inclusion worsened the model fit. We continued with this process to refine the models until we reached a final model specification that led to convergence and acceptable fit for all five networks. The node characteristics were considered in effects titled (1) "sum," (2) "difference," and (3) "product." These three effects as a set examine the role in information exchange of (1) at least one of the farmers in a pair maintaining large levels of biomass, (2) the difference between two farmers' levels of biomass, and (3) both farmers having large biomass. The sum effect examines the possibility of whether a link is more likely between two actors who have high amounts of biomass on their plot in sum. The sum can be high even if one of the actors has almost no biomass on the farm, in the case where the biomass on the other actor's farm is high. This characteristic distinguishes the sum effect from the product effect: If one of the farmers keeps very little biomass on the plot, the product will be small even if the other farmer maintains high levels of biomass.
We do not present the incomplete specifications that produced simulated networks that do not match the observed reality because their parameters are meaningless. The best-fitting model for one community might not be the best-fitting model for another community. Our goal was to obtain acceptable fit for all communities with the same specification to obtain comparable results. This proved possible with only a single exception of 2-triangle (T 2 ), which was not included in the case of Community C, as the ERGM did not converge if this effect was included. The only actor-level variable that contributed to the model fit was the biophysical measure of biomass. All other actor-level variables had to be excluded.
At the end of the estimation process, our model converged for every parameter based on the t statistics for convergence (t < 0.1). Our model also met the requirements for GOF suggested by Koskinen and Snijders (2012) , as well as Robins and Lusher (2012) . GOF captures the extent to which observed data match the values expected in theory, and this is calculated by using a standardized difference with mean = 0 and standard deviation = 1 (Koskinen and Snijders 2012). Its threshold is ideally below 0.1 for variables included in the model and below 2 for nonincluded variables, although occasional higher values are also acceptable . In our case, GOF was below 2 for all variables, and the Mahalanobis distances were small, thus suggesting reliable estimates.
RESULTS
Actor and network attributes
The study sample included more men (75%) than women (25%). The respondents ranged in age from 28 to 90 years old, with an average of 56 years. Average household size was 10 members, a figure larger than the average household size in the Ashanti Region (4.2 members per household; Ghana Statistical Service 2013). On average, the respondents were cultivating farmlands of approximately 17.1 ha, with a range of 2 to 200 ha (only 1 respondent had a rather large land holding of 200 ha) and earning an annual income of US$3199. Table 1 summarizes this demographic information and provides additional information about the sample population and the study communities.
Network descriptive statistics across the five communities are presented in Table 2 . Although the 5 communities exhibited relatively similar community network characteristics, Community D had the highest number of connections per actor in a community (3.88), 58% higher than the lowest number of connections per actor in a community (Community B) . Simultaneously, Community D shows the highest transitivity mean (0.56), indicating that the probability of a link increased to 56% for people who have a common partner because of the clustering tendencies in the network. Community A exhibited the highest network density (0.21), which means that 21% of pairs of individuals in the village are connected by an information-sharing link. All community networks are visualized in Figure 3 .
Farm-and community-level environmental outcomes
The mean aboveground biomass in trees planted under the agroforestry project ranged among the 5 communities from 98.1 to 162.1 kg of biomass per 100 m² plot (Table 3) . When these biomass values calculated from allometric equations were scaled to the whole farm, mean values ranged from 18.0 to 65.7 megagrams (Mg)/farm indicating a near threefold range in aboveground biomass and, therefore, variable carbon storage associated with the agroforestry projects among the communities (9.8 to 16.2 Mg C/farm). The data in Table 3 show mean aboveground biomass per agroforestry model among the communities. Although the pure stand model was not popular (only 13% of farmers adopted this model), it contained the highest average biomass at the hectare scale (222.3 Mg/ha) because of higher densities of planting, compared with the trees mixed with cocoa and other subsistence crops (82.27 Mg/ha) and then trees along periphery of a parcel (82.18 Mg/ha; see Table 3 ). Table 4 describes the relations between main network and environmental variables. Indegree and transitivity are the most strongly correlated pair of variables in the data set, and their correlation is negative (r = -0.421; P < 0.001). This indicates that popular farmers have less dense individual networks. Similarly, farmers who report access to more sources of information within the community have sparser individual networks (r = -0.215; P = 0.031). We found a significant correlation between biomass and indegree (r = 0.217; P = 0.026). Farmers who are considered useful sources of agricultural knowledge in the community tend to have more biomass on their agroforestry plots. However, biomass accumulation is unrelated to outdegree, i.e., the number of peers the respondents reported as their source of information. 
Observed networks and environmental outcomes
Exponential random graph model estimations
In Table 5 , results of the model estimations are presented. The results are arranged in two horizontal sections: first, structural network parameters across communities; and second, environmental outcomes (aboveground biomass). In each case, only the parameter estimates and the standard errors are given. The estimate of each parameter is computed "while controlling" for other parameters in the model, and therefore, the interpretation of each parameter should be conducted while considering other effects in the model. For example, the edge parameter in the model is a control for link density, and it is negatively significant in two communities (C and E). This means that a tendency for establishing links between individuals is not prevalent in these community without the presence of other effects, e.g., one of the nodes is a high-degree node, and thus an addition of the link would increase the number of positively significant 2-star motifs in the model.
Overall, the ERGM results show positive and significant estimates of the 2-star parameter (Table 6) , which suggested a clustering of advice-seeking ties on the most popular advisers. The 2-star effect is closely related to the Alt-Star (AS) effect, which is mostly nonsignificant in the model. The presence of both effects was necessary to fit the model well. Finally, the aboveground biomass data was included in the model to improve convergence or model fit. Biomass data is correlated with indegree (r = 0.217; P = 0.026) in our observed network data, which means that more popular advisers are farmers with more biomass on their plots.
DISCUSSION AND CONCLUSIONS
Our main objective was to identify information network structures within rural cooperatives and what these structures mean for resource-conserving agriculture. We pursued this objective by using comprehensive data on information-sharing networks among farmers in a rural cooperative in Ghana. The data were analyzed using standard social network analysis, combined with ERGM estimation and GOF tests . We further put greater analytical weight on environmental outcomes, namely, biomass stocks and sequestered carbon associated with the adoption of agroforestry practices, to contribute to understanding whether and how biophysical characteristics are linked to microlevel social relations or network structures. Subsequently, we discuss our findings under three broad themes.
Resource-conserving agriculture, environmental outcomes, and observed networks Variation in the selection of agroforestry models had a substantial impact on the amount of biomass accumulated. The majority of farmers (87%) adopted agroforestry models that incorporated trees into current cropping systems; this choice resulted in higher but variable amounts of biomass above that which would have been stored without the agroforestry program. This increase in biomass, and subsequently carbon, is positively correlated to the number of connections of an individual farmer, indicating that farmers who were more popular advisers (measured by the number of their incoming ties) also tended to have slightly higher biomass stocks in the adopted agroforestry systems. Our ERGM analysis supports this finding. The positive and significant ERGM result for an individual's popularity (the 2-star effect) across all but one of the communities suggests that networks are structured around knowledgeable actors. This finding on the role of popularity, advice seeking, and environmental outcomes found in both standard network analysis and ERGM analysis is further refined for Community C, where we show a positive and significant sum estimate, suggesting that networks are formed around not just knowledgeable actors but knowledgeable actors with high levels of aboveground biomass.
Overall, these findings are in line with previous findings on the structure of individual networks and adoption of proenvironmental practices, insofar as those who express good farming practices are highly sought after (Isaac et al. 2007 , Matouš et al. 2013 , Isaac et al. 2014 , Matous and Todo 2018 . When making decisions regarding from whom to seek advice or with whom to share inputs, farmers would often reach out to peers who have demonstrated clear signs of successful farming practices (Wood et al. 2014) . These actors seem to play a more active, communicative role in their networks. However, the important individual network structural feature, the triangle, was weakly negatively related to biomass stocks of an individual plot (r = -0.167; P = 0.095). Clustered networks may enable information sharing and diffusion at the collective level (Matous and Todo 2015, Barnes et al. 2016 ), but it is not necessarily the most clustered individuals, i.e., individuals with high transitivity scores who have a high proportion of communication partners who also talk to one another, that adopt agroforestry practices with high biomass accumulation.
Network fit and the role of environmental outcomes
Although there is a large body of empirical work on the structural characteristics of social networks in natural resource management (for a review, see Bodin and Crona 2009) , only a relatively smaller number of studies have used ERGMs to investigate multiple networks. Currently, the strongest research focused in this area seems to be on networks at different levels (Bellotti et al. 2016 , Brailly et al. 2016 , Brennecke and Rank 2016 , Hollway and Koskinen 2016 , Wang et al. 2016 , Zappa and Lomi 2016 . Not many studies have examined multiple comparable networks within the same level to assess the relation of their (Matous 2015 , Bodin et al. 2017 , and only a few recent studies have analyzed multiple comparable network communication structures in environmental management using ERGMs (Bodin et al. 2017 , Levy and Lubell 2018 , Matous and Wang 2019 . Similarly, we found that among the five communities, there was no clear pattern in relationships, yet we did not find the opposite results for any two communities either. Furthermore, in an attempt to quantify general tendencies, we attempted to fit the entire data set of all communities into a single model (similar to Matous and Wang 2019) . However, we did not succeed in reliably fitting these five communities in the same model. Apparently, distinct network mechanisms are at work across these communities, a clear indication that we need to be cautious when generalizing from network studies of single communities. We see some clear associations between number of links, clustering, and environmental outcomes at the node level, as well as some similar structural mechanisms such as the 2-star result across all but one of the communities. However, among the five networks, there is no indication that larger, denser, or more clustered communities would have different levels of biomass than communities that are smaller or sparser, or networks that have more evenly distributed relationships among the actors. Although the number of networks in our study does not allow us to provide an authoritative answer to this issue, our results suggest that relationships between community-level outcomes and collective network structure may be different from the relationship between individual-level outcomes and personal network structure, thus supporting previous findings of the first studies on this topic.
Implications for exponential random graph model research, agricultural policy, and farmer development As several scholars have noted, building local capacity to adapt to environmental change would depend very much on social capital, including the close social bonds that facilitate cooperative action and the social bridging and linking via which ideas and resources are accessed (e.g., Pretty 2003 , Armitage et al. 2009 ). The resulting insights from our study could therefore be used proactively to think about scaling pathways with respect to resource-conserving farming practices under global environmental change. A common deterrent to the adoption of these farming practices is the large number of "soft" inputs required, especially exposure to new ideas and the skill of experimentation (Silici 2014) . Taken together, our findings illustrate how the existing structural characteristics of farmer networks, or relational ties, could enhance or hinder the information sharing and knowledge transfer often needed to support the scaling of resourceconserving agricultural practices. Although we offer these findings, our study is restricted to one moment in time, a general limitation to cross-sectional studies. Future research should also assess across multiple points in time to truly capture adoption practices and impacts on resource-conservation agriculture and land use practices in general (see Isaac and Matous 2017) .
Our findings contribute to the existing literature in two principal ways. First, because of resource-conserving agriculture's reliance on knowledge and management intensiveness, farmers need to build social relations that easily foster knowledge transfer and information exchange. Drawing on comprehensive primary data, we find evidence showing that farmers who demonstrate clear signs of successful farming practices also tend to be popular advisers within a cooperative to their peers at the individual https://www.ecologyandsociety.org/vol24/iss1/art5/ network level. Based on this finding, we conclude that using these "popular advisers" to spearhead knowledge exchange among farmers could help to foster social learning and experimentation within cooperatives that is all too often needed in conservation agricultural practices. However, it should be noted that popular advisers might also experience leadership fatigue as well as express resistance to external influences given their strong community connections (Matouš et al. 2013) . However, because they have a higher likelihood of facilitating communication among members in their network, and perhaps the whole community, they could act as influential forces for encouraging the diffusion of innovative farming practices, given the right conditions (Valente 1996 , Isaac et al. 2014 ). Indeed, they could spearhead knowledge exchange opportunities beyond what is typically available through the formal institutions of government. Further, using these presumably "skillful" local farmers to facilitate resourceconserving agricultural innovations could curb the top-down transfer of farming knowledge, a major criticism of agricultural extension delivery in most developing countries (Schut et al. 2014 ).
Second, beyond providing insights into how biophysical characteristics are linked to microlevel social relations or network structures, we contribute to the newly emerging field of ERGM research (e.g., , Robins, Snijders, et al. 2007 , Wang et al. 2013 , Dickison et al. 2016 , Wang et al. 2016 . Using ERGM analysis provided the optics to analyze the significance of the observed network structures. Although ERGMs allow for a different level of focus, ERGMs have some limitations including convergence issues that allowed us to model only undirected ties in our study. Analysis for each community with ERGM suggests that commonly observed individual-level results might not scale to the collective level in a trivial manner because of endogenous network effects that we typically fail to capture at the individual scale. Although individual networks have been thoroughly explored, we need more studies with a larger number of networks to understand what kind of network structures are effective for whole collectives, such as the cooperatives in our study, and to measure environmental impacts at a large scale. To our knowledge, this is one of the first studies that focuses on using ERGMs not only to analyze whether different types of actors are associated with different types of network structures, but also to assess whether there is some universality in the structural and attribute elements required to model across multiple networks.
We also contribute a focus on environmental outcomes within ERGM analysis, specifically resource-conserving agricultural practices. In our ERGMs, we overlaid several structural parameters with an environmental variable, measured as aboveground biomass. Specifically, we show a relationship between this biophysical indicator and social structures within this cooperative. Farmers seek information from colleagues depending on their knowledge and practices, which is reflected in the overall biomass accumulation from the adoption of agroforestry practices on their plots. Not only was this environmental variable required for model convergence, but by paying attention to social and biophysical attributes simultaneously, our understanding of whether and how microlevel social relations are linked to community-level environmental outcomes is deepened.
Responses to this article can be read online at: http://www.ecologyandsociety.org/issues/responses. php/10623
